D onation after circulatory death is an important source of kidneys, livers, and lungs for transplantation. A report of the Institute of Medicine suggests that the use of donation after circulatory death is the most effective way to improve the donor supply (1) . Donation after circulatory death is most often performed in patients with devastating neurologic conditions who died after life-sustaining treatment was withdrawn in the intensive care unit.
The quality of organs of donation after circulatory death donors is highly dependent of the time between withdrawal of life-sustaining measures (WLSM) and death. Death beyond 1 hr can result in donor ineligibility because of inferior quality of organs as a result of suboptimal oxygen levels (2) . Therefore, for practical and ethical reasons, the ability to predict if a patient will die within 1 hr after WLSM is of interest for the transplantation and critical care community. Prediction models can be used to combine different characteristics of an individual patient to make such a prediction.
Because such prediction models are mathematical models based on available patient data from a certain setting, external validation is an absolutely necessary step to determine the ability of a model to reliably predict outcome in other populations and settings before its use in clinical practice can be recommended. However, in the clinical literature, many prognostic models are developed and very few are externally validated.
Yee and colleagues recently published a prediction model using four easy-toobtain, clinical variables (absent corneal reflex, absent cough reflex, extensor or absent motor response, and an oxygenation index Ͼ4.2) to calculate the probability of death within 60 mins after WLSM in intensive care unit patients who were not pharmacologically paralyzed or anesthetized before WLSM (3) . WLSM was performed according to the national protocol concerning end of life care in intensive care unit patients. All patients were intubated and mechanically ventilated before WLSM. WLSM involves the withdrawal of all supportive measures, including mechanical ventilation (including extubation), antibiotics, and administration of inotropic agents. Oxygen levels were always reduced to 21% before withdrawal of mechanical ventilation (4) . Until now the model of Yee and colleagues (further phrased as the "Mayo neonatal intensive care unit [NICU] model") has not been validated in an external population. The aim of this study is to investigate whether the model performs adequately and could be generalized to another cohort of neurocritical care patients in whom withdrawal of life support was performed after the decision was made that further treatment was futile.
METHODS
Data. For our validation sample, medical charts were retrospectively obtained of all patients who died on the intensive care unit of the Erasmus MC University Medical Center, Rotterdam, The Netherlands, as a consequence of a subarachnoid hemorrhage, traumatic brain injury, or an intracerebral hemorrhage between 2007 and 2009. The institutional review board waived the need for review and approval of this study as a result of the retrospective observational nature.
The outcome of interest was death within 60 mins after WLSM. The predictors assessed by Yee and colleagues were age, sex, cause of death, last known Glasgow Coma Score, brain stem reflexes (pupil, corneal, and cough reflex and respiratory drive), Full Outline of UnResponsive (FOUR) score (5), blood gas (pH, PaO 2 , PaCO 2 [both in mm Hg]), and ventilator settings (type of ventilation, positive end-expiratory pressure, peak airway pressure, fraction of inspired oxygen [FIO 2 ]). Neurologic parameters were at most 2 hrs before WLSM assessed by a neurologist or neurosurgeon. We calculated with these parameters the oxygenation index (OI). OI is calculated as mean airway pressure ϫ FIO 2 ϫ 100/PaO 2 , whereas the mean airway pressure is calculated as (peak inspiratory pressure ϩ positive endexpiratory pressure)/2, the A-a gradient (A-aDO 2 ϭ [760 -47 mm Hg] ϫ FIO 2 Ϫ PaCO 2 / 0.8 Ϫ PaO 2 ), and the P/F ratio (P/F ϭ PaO 2 / FIO 2 ). Patients were included if all these predictors and variables and the time between of WLSM and death could be retrieved from the medical chart. Coding of all variables was based on the study by Yee et al. The FOUR score is a neurologic assessment tool that combines four neurologic parameters (eye, brain stem reflexes, movement, and respiration) to calculate a score from 0 (worst neurologic score) to 16 (4). Arterial blood gas pH was considered abnormal if a pH was Ͻ7.30 or Ͼ7.50. An arterial blood gas was considered abnormal if PaCO 2 was Ͼ45 mm Hg or PaO 2 was Ͻ80 mm Hg.
Statistical Analyses. First, univariable logistic regression analyses were performed to establish the effect of the different predictors on death within 60 mins after WLSM in the validation sample. The resulting univariable odds ratios were compared with odds ratios in the development sample as reported by Yee and colleagues. Second, the final multivariable model of Yee and colleagues, containing absent corneal reflex, absent cough reflex, extensor or absent motor response, and an OI Ͼ4.2, was refitted in the validation sample and the multivariable odds ratios were compared with those reported by Yee et al. Finally, the predicted probabilities to die within 60 mins reported by Yee et al were calculated for each patient in the validation sample. The Mayo NICU model contained three categorical binary variables (corneal reflex, cough reflex, motor response) but one continuous variable that was dichotomized (OI). Dichotomization of continuous variables implies a loss of information compared with analyzing the full continuous version. Specifically for prediction, dichotomization hampers external validity because the optimal cutoff might be different in another setting (6) . For these two reasons, we also explored the relationship between the OI as a continuous predictor and outcome.
Model Performance. We assessed the performance of the model in terms of discrimination and calibration when applied to our validation data. Discrimination describes how well a model distinguishes between those who die within 60 mins from those who survive longer. Calibration indicates how closely predicted outcomes match observed outcomes.
To assess discrimination, we calculated the area under the receiver operating characteristic curve (AUC). An AUC of 1 implies perfect discrimination, whereas an AUC of 0.5 implies that a model's prediction is no better than chance. The 95% confidence intervals of the AUCs were obtained through drawing 500 samples with replacement from the original data and consequently applying the model to each sample. The distribution of the AUCs over all these samples gives an indication of the uncertainty and can be used to calculate the 95% confidence interval. Such a procedure is called "bootstrapping" or "bootstrap resampling."
To assess calibration, we plotted the proportion of patients who actually died within 60 mins against the proportion of patients to have this outcome. We also compared overall mean predicted and observed probabilities.
Model Updating. Finally, we updated the Mayo NICU model to incorporate all available information from both the development and validation data (7) . First the coefficients of cornea reflex, cough reflex, and motor score were updated. We hereto calculated a linear predictor based on the Yee coefficients. This linear predictor was used as an offset in a model containing the three predictors to estimate the differences between the Yee coefficients and the coefficients in our data. The estimated differences were shrunken by a factor 2 /( 2 -df) and finally these shrunken differences were added to the original Yee coefficients to obtain the final coefficients of cornea reflex, cough reflex, and motor score, which could be considered best estimates of the predictive effects given both data sets (8) . With these final coefficients, the model including OI was refitted to obtain the coefficients for OI and the intercept, resulting in the final updated model.
All analyses were performed using SPSS Statistics (version 17.0.2; IBM Corporation, Somers, NY) and the R software environment (version 2.7.1; The R Foundation for Statistical Computing, Vienna, Austria) with the Design and Hmisc packages.
RESULTS
Descriptives. By scanning medical records from the period 2007-2009, a total of 152 patients were identified who died as a result of traumatic brain injury, subarachnoid hemorrhage, or intracerebral hemorrhage after WLSM. Among those 152 cases, 82 patient files contained relevant data for further statistical analysis. There were no statistically significant differences in age, sex, or diagnosis between the 70 patients with incomplete data and those included in the analysis. The mean age at death was 52 yrs (range, 15-80 yrs). Fifty patients (61%) were male and 32 were female (39%). Thirty-one patients died as a result of a subarachnoid hemorrhage, 27 patients of an intracerebral hemorrhage, and 24 patients as a result of traumatic brain injury. Fifty patients (61%) died within 60 mins after WLSM (Table 1) .
Univariable Effects. In our validation sample, the strongest univariable predictors of death within 60 mins after WLSM were an absent corneal reflex (odds ratio [OR] 6.8; 95% confidence interval [CI] 2.4 -8.9; p Ͻ .001), breaths at ventilatory set rate/apneic (OR 11.1; 95% CI 3.8 -32.9; p Ͻ .001) and a FOUR score Ͻ4 (OR 16.4; 95% CI 3.4 -79.8; p Ͻ .001) ( Table  1 ). All univariable effects were of comparable magnitude in the development and validation samples with the exception of abnormal blood gas pH (OR development sample, 1.6; OR validation sample, 0.7).
Multivariable Effects. The predictors included in the final multivariable model were absent corneal reflex, absent cough reflex, extensor/absent motor response, and OI Ͼ4.2. The prevalence of these predictors was very similar between the development and validation sample (Table 2). Absent motor score was an exception, being more prevalent in our validation sample (96% in patients who died within 60 mins and 69% in patients who did not). Also, the multivariable ORs were reasonably similar between the development and the validation sample. The predictive effect of extensor/absent motor response was larger in the validation sample, whereas the predictive effects of absent corneal reflex, absent cough reflex, and OI Ͼ4.2 were somewhat weaker in the validation sample (Table 3) . Because the effect of continuous OI was very similar in both samples (OR, 1.10 vs. 1.17; Table 1), we conclude that the difference in the effect of OI Ͼ4.2 is most likely the result of the cutoff of 4.2 chosen by Yee and colleagues. We explored the shape of the relationship between OI and the probability of death. We found an approximately linear relationship, implying the OI could better be analyzed continuously (Fig. 1) . We therefore also evaluated an adapted version of the model of Model Performance. Six patients in our validation sample were classified into the lowest risk group, because they had none of the risk factors (absent corneal reflex, absent cough reflex, absent motor response, and an OI Ͻ4.2) for death within 60 mins. However, Yee and colleagues did not report an actual probability of death within 60 mins for this lowest risk group in their article. We were there- fore unable to compare their prediction (unknown) with the actual outcome. Therefore, these patients were excluded for the model validation and also for the refitting and the development of the adapted model to ensure comparability. The prediction Yee model showed good discrimination with an AUC of 0.75 (95% CI 0.63-0.87) ( Table 4 ). The refitted model discriminated slightly better with an AUC of 0.76(95% CI 0.64 -0.88). Calibration was only modest. The mean predicted probability of death within 60 mins after WLSM was 80%, whereas the observed mean probability was 61%. The calibration plot (Fig. 2) shows that in the higher quartiles of predicted probabilities, there is a small but systematic miscalibration. The points are above the reference line, i.e., the predicted risks are systematically (slightly) higher then the observed risks. The lowest quartile of predicted probabilities suffers from severe miscalibration, the mean predicted probability of death within 60 mins in this group was 66%, whereas the observed probability was 20%. Calibration of the refitted model was not assessed because in refitting the model, the new coefficients (weights of the predictors) and the intercept (the average probability of death within 60 mins) are based on the new data, resulting by definition in perfect calibration.
We developed an updated version of the model with OI as a continuous predictor, which discriminated better (AUC [95% CI] ϭ 0.77 [0.69 -0.90]) than the refitted model with OI Ͼ4.2. This finding confirms our hypothesis that with dichotomization some predictive information is lost and that the cutoff of 4.2 may have limited generalizability beyond the development sample. The updated version of the Mayo NICU model was:
Linear predictor ϭ Ϫ2.52 ϩ absent corneal reflex (yes ϭ 1, no ϭ 0) * 1.54 ϩ absent cough reflex (yes ϭ 1, no ϭ 0) * 1.08 ϩ extensor or absent motor response (yes ϭ 1, no ϭ 0) * 1.18 ϩ oxygenation index * 0.13
Probability of Death Within 60 Mins After WLSM ϭ Exp(Linear Predictor)/ 1 ϩ Exp(Linear Predictor).
This model equation can be used to calculate the probability of death within 60 mins for individual patients, e.g., for a patient with a present corneal reflex, absent cough reflex, absent motor response, and an OI of 4, the linear predictor is Ϫ2.52 ϩ 0 * 1.54 ϩ 1 * 1.08 ϩ 1 * 1.18 ϩ 4 * 0.13 ϭ 0.26. The predicted probability of death within 60 mins for this patient is exp(0.26)/1 ϩ exp(0.26) ϭ 0.56 (56%).
DISCUSSION
In this study, we externally validated the model of Yee et al and propose an updated version of this model to improve the discrimination between patients who die before 60 mins and after the timeframe of 60 mins after withdrawal of life support in the intensive care unit. The performance of prognostic models was judged in terms of discrimination and calibration. Discrimination describes how well a model distinguishes patients who die within 60 mins from those who die after the timeframe of 60 mins. Calibration indicates how closely predicted outcomes match observed outcomes. For identification of potential donors, discrimination is particularly important. To provide relatives with a realistic estimate of the probability of death within 60 mins after WLSM, calibration is more impor- tant. The Mayo NICU model discriminated very well, whereas calibration was modest. For a subgroup of patients with a low probability of death within 60 mins, the model severely overestimated their probability. In the higher-risk patients, there was a small systematic overestimation. This finding implies that it is important to assess calibration of a model for the setting it will be used in and to consider recalibration to be able to give realistic estimates to relatives. Recalibration would involve refitting the intercept (representing the average probability of death within 60 mins) while keeping the coefficients (weights of the predictors) fixed (7). Such a recalibration will improve calibration and not affect discrimination.
The distributions of the predictors in the model were remarkably similar between the development and validation population. The only predictor with a different prognostic effect between the development and validation sample was an abnormal pH, being associated with earlier death in the development population and with later death in the validation population. Not all blood samples, used to determine the arterial pH, were taken at the time of WLSM. A possible explanation is the actual low number of patients with an abnormal pH. Eleven patients in our cohort had an abnormal pH. The majority of the patients who died within 60 mins had a normal pH. In other words, the pH is, at least in our cohort of patients, not a good discriminator for death within 60 mins after WLSM. A study by Suntharalingam and colleagues (9) reported comparable results in relation to time of death and an abnormal pH.
Previous studies that have identified predictors of time to death after WLSM used Cox proportional hazard analysis to study predictors of time to death instead of death within a defined time period (9, 10) . We performed Cox regression with time to death as an outcome and the four variables in the model as predictors and found that they were also highly predictive for time to death. Although we consider Cox regression a sensible and statistically more powerful approach, clinical applicability requires the additional step of translating multivariable effects (e.g., ORs from logistic models or hazard ratios from Cox models) into predictions for individual patients. This step was lacking in the studies mentioned. The study of Suntharalingam and colleagues (9) identified FIO 2 as an independent predictor. Because FIO 2 might be less influenced by ventilation policy incorporated in the OI, we compared their predictive strength. We found that OI was a stronger predictor in our data set (AUC FIO 2 ϭ 0.60, AUC OI ϭ 0.62) and we therefore kept it in the final model. The strength of the OI is that it gives an index of the airway pressure needed against its goal oxygenation. An elevated OI has been demonstrated to be an independent risk factor for mortality in patients with acute respiratory distress syndrome (11) .
Yee et al included OI as a binary variable in their model with a cutoff of 4.2. Although dichotomization increases simplicity, it results in a loss of information (6) . In addition, dichotomization is clinically implausible. In this example, a higher OI is related to a higher of risk of death within 60 mins. However, this risk does not suddenly increase when the OI is 4.3 compared with 4.1, because the underlying relationship is more likely to be continuous. This is also shown in Figure  1 . Specifically for prediction, dichotomization causes overfitting because the best (often data-driven) cutoff in the development data is not necessarily the best cutoff in new patients. The risk of overfitting is particularly high when the development data set is relatively small. A preferred approach in general is to analyze the prognostic factors as continuous variables (12 Newly collected patient data are often used to develop a new prediction model instead of validating an existing model (13) . As a result, many prognostic models are published in the medical literature, but external validation is rare. External validation is a crucial step to determine generalizability and is a necessary step to determine the ability of a model to predict outcome in other settings before its use in clinical practice can be recommended (14) . In addition, when developing a completely new model, predictive information in previously published models is neglected (13) . Validation and updating, as we did in this study, will lead eventually to more stable and generalizable prediction models. Therefore, validation and updating is preferred by us over developing new models.
Because both the development and validation samples in this study were relatively small, further prospective validation and updating is required. A next step then is to develop a simple score chart based on all available data, for optimal precision, which could be used by every intensivist or neurologist involved in patients with catastrophic neurologic con- ditions who are regarded as a potential donation after circulatory death organ donor.
The strength of this model is the four easy-to-obtain clinical variables before WLSM to predict time of death. This is in contrast with the Wisconsin criteria for predicting asystole after withdrawal of life-sustaining therapy (15) . This prediction tool requires temporary disconnection of the ventilatory system to assess the probability of asystole after WLSM. Other criteria that are used are vasopressors, body mass index, patient age, and the use of an endotracheal tube or tracheostomy. This limits its use in a neurologic intensive care unit because of the increased risk of death during the assessment. The Mayo NICU model provides the treating intensive care unit physician and the consulting neurologist or neurosurgeon important insight in the probability of death within 60 mins after WLSM of a patient with a catastrophic neurologic condition with these four easy and clinically sensible variables. This knowledge can provide clarity to decide where to allocate the right resources to the patient with highest chance to become an organ donor after circulatory death.
There are some limitations of our study. This is a single-center, singlecountry study with a relatively small sample size, although the latter is of less importance in validation studies. Besides of these limitations, we used only three fairly common fatal neurologic conditions (subarachnoid hemorrhage, intracerebral hemorrhage, and traumatic brain injury). Like with all studies using medical charts, there is the possibility of bias. We tried minimizing this by using a second reviewer in the extraction of data from the medical charts. In case of a dispute concerning the data, the patient was excluded for further analysis. We further had to exclude a group of six patients with all risk factors absent because we could not obtain their predicted probability based on the Mayo NICU model. The excluded patients had a very low predicted probability of death within 60 mins after WLSM in the refitted model (9%). Inclusion of these patients therefore would have led to even more miscalibration in the low-risk patients.
CONCLUSION
The Mayo NICU model discriminated well between patients who died within 60 mins after withdrawal of life support and those who did not, but in our validation set, calibration was modest. The model could be improved by including OI as a continuous predictor. The updated model we propose can be used to calculate predicted probabilities to die within 60 mins after WLSM for individual patients. A next step should be to further validate and update the model based on a large prospective cohort, because reliable prediction of the probability of death within 60 mins after withdrawal of life support is of important practical and ethical value.
